In this paper we propose a regression forests-based cascaded method for face alignment. We build on the Cascaded Pose Regression (CPR) framework and propose to use Regression Forest as a primitive regressor. The regression forests are easier to train and naturally handle the over-fitting problem via averaging the outputs of the trees at each stage. We address the fact that the CPR approaches are sensitive to the shape initialization, in contrast to using a number of blind initializations and selecting the median values, we propose an intelligent shape initialization scheme. More specifically, a large number of initializations are propagated to a few early stages in the cascade, then only a proportion of them are propagated to the remaining cascade according to their convergence measurement. We evaluate the performance of the proposed approach on the challenging face alignment in the wild database and obtain superior or comparable performance to the state-of-the-art, in spite of the fact that we have utilized only the freely available public training images. More importantly, we show that the intelligent initialization scheme make the CPR framework more robust to unreliable initialization that are typically produced by different face detections.
: Example results. We use a cascade of regression forests to estimate face landmark positions in 2D images.
We mainly make the following two contributions in this work.
First, we use regression forest, an ensemble of regression trees, as the primitive regressor in each stage of the CPR. By averaging the outputs of regression trees, we decrease the risk of over-fitting, which is a common problem of boosting regression.
In order to compute the shape indexed feature at each internal node of the regression tree, in contrast to a approximate warping like [8] , we directly select two random landmark indexes and a random bias value for each. In this way, the feature locations are directly indexed by the current shape and the most computationally expensive similarity transform is avoided. Second, we propose an intelligent initialization scheme. CPR is an initialization-dependent scheme and the outputs are sensitive to bad initializations. Previous methods like [8] , [11] deal with this issue by restarting the initialization for several times and then the final output is calculated as the median value of the shapes of all the initializations. This scheme has two problems: first, the relationship among the shapes are not considered until they arrive the final stage; second, there is no theoretical justification of selecting the median value. Our proposed intelligent initialization first selects a large number of initialization shapes and then propagates them into the early stages of the cascade. Then, we calculate the density in the shape space using mean-shift.
When the mode is detected, we sample a few shapes around it then propagate them to the remaining cascade. The final output is calculated as the average of the nearest pair of shapes.
Since most of the current facial feature detection approaches are built on top of the face detection, in this work we also investigate the sensitivity of the CPR face alignment method to different face detection initialization. As the initial shape is calculated based on the face detection, in our experiments, we have found that the current state of the art methods are very sensitive to the face detection. On the contrary, our proposed intelligent initialization scheme is more robust.
The remainder of the this paper is organized as follows: In Section 2, we briefly review the existing facial feature detection techniques related to our work. In Section 3, we first describe the general Cascade Pose Regression (CPR), and then present our Regression Forests based CPR and the intelligent initialization scheme. In Section 4, we show the experimental results of our proposed method on the latest 300-W database, that is a comprehensive database with common landmarks annotation cross different facial landmarks detection 'in the wild' databases. We close with concluding remarks in Section 5.
II. RELATED WORK
Object alignment is a well-studied problem in computer vision, particularly for the face. Two different sources of information are usually exploited for this task: object appearance and spatial shape. Based on how those two types of information is utilized, we categorize the methods into two groups: part-based deformable models and explicit shape regression.
A. Part-based deformable models
Approaches in the group involve two learning tasks, discriminative local detectors for each individual landmark and the shape prior of the face. The final detection is an optimization of the two terms. We will review the local detection and the shape models separately.
Discriminative Local Detection approaches exploit the discriminative appearance features of different landmarks. They can be classified into two groups, the regression based and the classification based. For instance, in [13] , GentleBoost classifier based on Gabor features is proposed to detect 20 facial points separately. The classic Support Vector Machine (SVM) classifier is used as facial point detector in [14] , [15] , [16] and [17] . Several types of appearance features are utilized for training the discriminative local detector, for instance the most widely used Gabor feature in [18] , SIFT feature in [17] , [9] and the HoG feature in [19] . In [20] , Boddeti et al. introduced Correlation Filters to learn the local appearance model. Regression-based approaches to facial point detection have attracted the attention of researchers in recent years. Cristinacce & Cootes [21] presented a regression-based approach to facial point detection. It combines a GentleBoost regressor with an Active Shape Model (ASM) that is used to correct the estimates obtained. Another sequential regression-based approach was presented in [22] , where Support Vector Regressors (SVRs) were used. Regression forests in recent years have also proven to be very powerful in detecting facial points [23] . The location of facial point is estimated by accumulating votes from nearby regions.
Methods in this category can be regarded as an extension of general object detection. Due to no shape constraints are imposed, this type of methods have good generality but suffer heavily from partial occlusions, therefore they are always combined with shape models.
Deformable Shape Models focus on building shape prior to regularize the local part detections. Typical shape models like the Constrained Local Models (CLMs) [7] first align the images using the landmarks annotation with Procrustes, then learn the shape prior by using Principal Component Analysis (PCA). Other shape models include the probabilistic MRF model in [18] and tree structured shape models proposed by Zhu and Ramanan [19] , which have shown promising results both in capturing global elastic deformation and in finding the global optimal solutions efficiently. In addition, Amberg et al. [24] proposed to find an optimal set of local detections using a Branch & Bound method. Recently, instead of using parametric shape models, [17] propose more flexible, non-parametric representations of shape constraints from training data. Saragih et al. [25] also proposed a non-parametric representation to model the posterior likelihood and using mean-shift to optimize the result. [26] proposed to impose pairwise shape constraints within the regression forests. There are some other shape models based on facial points such as the Pictorial Structure [27] , Markov Random Fields [22] , Restricted Boltzmann Machines [28] , graph matching [29] , and Regression Forests votes sieving [30] .
The advantages of part-based methods are two folds: first, any good object detector can be adapted for face alignment problem like [23] , since each individual landmark is treated separately; second, as a the local detection and shape model are learned separately thus it is easy to be extended. The shortcomings of the methods in this group are also two folds: first, the local detection is very sensitive to partial occlusion consequently it results in unreliable detection; second, the computational complexity of the methods are often exponentially related to the number of the landmarks to be detected, which limits the application of face alignment with large number of landmarks in real time.
B. Explicit shape regression
Approaches in this group jointly model the shape and appearance, and learn directly a mapping from image features to shape space (locations of landmarks). Since a direct mapping function is difficult to learn, many approaches in this group work in a boosting/cascade way. The typical method is the Active Appearance Models (AAMs) proposed by Cootes et al. [10] .
The AAMs is fit by learning a linear regression between the increment of motion parameters and the appearance differences.
Since very simple linear regression method is applied, the original fitting method suffers from occlusion and is very difficult to deal with unseen images. Saragih and Gocke [31] and Tresadern et al. [32] showed that using boosted regression for AAM discriminative fitting significantly improved over the original linear formulation. Instead of using the Newton's gradient descent method for optimization in the original AAM method, Xiong and De la Torre [9] proposed a supervised descent method for minimizing the non-linear least squares function, which has achieved very good result in face alignment application. [33] studied the optimization problem of AAM in detail.
In recent years, a framework called Cascaded Pose Regression was proposed for the problem of general object alignment which has been successfully applied in face alignment [11] , [12] , [8] , [34] . They learn a set of weak regressors (random ferns) to model the relation between the image feature and the update in the parameter space. In the cascade sequence, they proposed using the re-sampled features based on the current shape state for the next regressor. Due to the simple feature evaluation procedure in the fern regressor, it is highly efficient in both training and testing.
Since most of the current Explicit Shape Regression methods work in a cascade way, they are all initialization dependent. In order to be less sensitive to the initialization, the CPR methods [8] , [34] proposed to restart the initialization for several times and select the median value of the final estimations. But how to set the initialization is still an open question in the CPR.
III. METHOD
In this section we will present our method of cascaded forests for face alignment. First we give a brief summary of Cascaded Pose Regression (CPR) and then present how regression forest is used as regression primitive. Finally we present our proposed intelligent initialization scheme that can be used for the general CPR.
A. Cascaded Pose Regression (CPR)
The shape of an object is often represented as a vector of landmark locations, i.e., S = (x 1 , ..., x k , ..., x K ) ∈ R 2K , where K is the number of landmarks. x k ∈ R 2 is the 2D coordinates of the k-th landmark. CPR is formed by a cascade of T regressors, 5 producing an update, ∆S, which is added up to the current shape estimate, that is,
The update ∆S returned by the regressor that takes the previous pose estimation and the image feature I as inputs:
An important aspect that differentiates this CPR framework from the classic boosted approaches is the feature re-sampling process. More specifically, instead of using the fixed features, the input feature for regressor R t is calculated relative to the current pose estimation. This is often called pose-indexed feature as in [11] . This introduces weak geometric invariance into the cascade process and shows good performance in practice. The CPR is summarized in Algorithm 1 [11] .
Algorithm 1 Cascaded Pose Regression
Input: Image I, initial pose S 
Apply regressor R t 4:
The above scheme holds several advantages. First, though for each stage, the pose-indexed feature is re-calculated, the original image feature, that can be more than image gray scale values, requires only one computation as a preprocessing step.
Thus the feature re-calculation in practice is highly efficient. Second, the number of the landmarks representing the object shape has little impact on the testing efficiency since it only involves a vector addition operation, while other methods like [19] , [23] , [31] , the computational complexity is linearly or exponentially related to the number of landmarks. Thus, besides the effectiveness in real application, the CPR is very popular due to its computational efficiency.
The essential part of the CPR is the primitive regressor. We follow the main scheme of CPR and use Regression Forest as our primitive regressor in each stage, as described in the following.
B. CPR training
In order to train a cascade of forests, let us assume we are given a set of n training samples
. I i represents the image of the i sample and S i , the ground truth shape. We assume here that the image only contains the face or has the bounding box of the face, since our algorithm is built on top of the face detection. For each training sample, we randomly select 20 ground truth poses from the training set except its own. We treat an individual training sample with a different initialization as a new sample. Each training sample is now represented by a triplet, that is (I i , S i ,S i ), withS i the initial pose.
The augmented number of training samples is therefore N = 20 × n.
For each training sample, with the current poseS and the ground truth pose S, the target update vector the regressor aims to estimate is
Thus at each stage we train a regressor at each stage that minimizes the square error loss, given the features f t i calculated using the previous pose state.
The training procedure of the CPR is summarized in Algorithm 2.
Algorithm 2 Cascaded Pose Regression Training
Input: training data (
for all i ∈ (1...N ) do 3:
Calculate ∆S t i 4:
end for 6:
for all i ∈ (1...N ) do
Update current pose 9: end for 10: end for
Starting from a raw pose, our method refines the face shape recursively by using different stages of regression forests, organised in a cascade.
In this section we discuss how a primitive regressor, a forest is trained. A forest is an ensemble of regression trees. The simplest version of a forest consists of one tree. Thus we first discuss how a regression tree is trained and then discuss the ensemble method.
Let X denote the input space, Y the output space. Each tree is induced based on a randomly selected subset of the training data D ⊆ X × Y. An empty tree starts with only one root node. Then a number of split test function candidates φ : X → {0, 1}
are generated, which determines whether to route a data sample x ∈ X reaching it to go left or right child. P lef t (φ) and P right (φ). According to one specific split function φ, the set of data, denoted by P (P ⊆ D), at the node will be partitioned into two, P lef t (φ) and P right (φ). Based on the partition, each candidate split function is evaluated according to a certain loss function, so that the best split function, that is the one with the minimum value of the loss function, is selected, i.e.
The node is parametrized by the selected split function φ * . Then, the training set is partitioned according to this split function into two subsets that are propagated to the two child nodes. The same procedure is recursively applied at each subsequent child node. The procedure stops and a leaf node is created when certain criteria is met, typically, when there are fewer than a minimum number of training data or a maximum tree depth is reached. At each leaf node, a regression model is learned and stored.
According to the above description of tree construction, aside from the macro parameters of the tree, there are two tasks involved: specifying the split test function at each internal node and learning the regression model at each leaf node. As discussed before, in order the keep the high efficiency of the algorithm, we focus on very simple test functions, that is to compare the feature values at two pixel locations. Besides gray scale, other pixel-wise features can also be used such as the Gabor features, with an additional cost of feature computation. So as to generate a pool of split testing functions, we randomly select two landmark numbers, l 1 and l 2 . Then we generate an random offset to each of the two landmark locations, δ 1 and δ 2 .
Thus for the training sample i the first location feature indexed by the current pose is: Formally the split function φ is written as:
In order to select the best split function candidate at each node, based on the loss function in Eq. 4, we rewrite the objective function as:
where
is the mean value of the update vectors. The optimal split candidate is selected as the one which has minimized the above loss function, i.e.,
When training samples arrive the leaf node, the regression model is calculated as the average pose update vector of all the training samples in question, similar to Eq. (8).
Instead of using one tree as weak regressor at each stage of the cascade as described above, we train a forest consisting of a set of trees, that is R = {r j } J j=1 . The output of the forest is the average of the predictions of all the trees, that is,
The averaging regularization is able to deal with the general over-fitting problem in boosting regression. This will be demonstrated in the experiments.
D. Intelligent initialization
The output of CPR is initialization dependent and very sensitive to bad initializations. Previous approaches such as [8] , [11] propose to run multiple different initializations and pick up the median of all the predictions as the final output. Each initialization is treated in a completely independent way until the output is calculated. The theoretical support of selecting the median value is not well understood. Also there is no guidance on how to choose the multiple initializations.
We propose an intelligent initialization scheme, which works in a coarse-to-fine manner. We build an initialization pose dataset with M instances, each with a unique pose consisting of K landmark locations. Given a testing image, we randomly select m initializations, m ≤ M . The number of m is set to a large number, around ten times larger than the number of initializations used in the previous approaches [8] , [11] . Instead of applying the whole cascade on the m initializations, we apply only a few top stages of the cascade and analyse their results. Specifically, we apply the mean-shift algorithm to find the mode of the estimated shapes using the small number of top stages, that is the shape with highest density in the shape space.
Then the remaining cascade is applied on m poses, which are closest to the shape mode. m m is a very small number that can be even smaller than the restart number in [8] , [11] .
We now discuss the theoretical support of this scheme. As discussed in [8] , at the early stage, the regressors in the cascade aim at adjusting the global shape updates such as yaw, roll and scaling. In later stages, the regressors are dominated by the subtle variations such as motions on eyes and lips. Therefore, we assume that a good initialization aligns the rough shape in a few stages while a bad initialization progresses towards a wrong position. Also we assume that in most of the cases, there are more good initializations than bad initializations given the fact that we have augmented multiple random initializations during the training stage. The first assumption is validated by the Principal Components analysis in [8] and the second assumption was implicitly used in the previous approaches. Given these two assumptions, we believe that the m initializations we selected as discussed above are more reliable and are more likely to converge towards the correct pose position.
Since we only apply a very small number of stages in the cascade on the m raw initializations thus we can still expect very high evaluation efficiency. When m initializations arrive the end of the cascade, since the number of m s is very small, we calculate the distance between each pair and then select the the pair with minimum distance. The final output is calculated as the mean value of the selected pair, this is different from selecting the median value.
IV. EXPERIMENTS SETTING
To evaluate the efficacy of the proposed approach, we conduct the experiments on face alignment from a single image.
The face images are collected in uncontrolled environments, and taken from various viewpoints and often present in cluttered backgrounds, with severe partial occlusion.
A. Datasets
There are several datasets are collected for the problem of facial feature detection, including those collected in the laboratory, such as BioID [35] , XM2VTS [36] and PUT [37] and those collected from the Internet such as LFPW, LFW. As the state of the art has already reached very similar to human performance on datasets in the laboratory, we only list the publicly available datasets recorded 'in the wild' as shown in Table I . These datasets are all collected from the Internet, from search engine results or from Flickr. Most of those images exhibit a very large variability in pose, lighting, expression as well as general imaging conditions. Many images exhibit partial occlusions that are caused by head pose, objects (e.g., glasses, scarf, food), body parts (hair, hands) and shadows. We make a brief review of the characteristics of all the recent publicly available datasets below, so as to assist people working in this topic to select proper datasets to evaluate their methods.
LFW is a dataset recorded for face recognition problem and annotated in [23] , in which close-to-human facial feature detection performance has been reported. The main challenge of this dataset is the low resolution of images. LFPW is one of the most used datasets to benchmark facial feature detection in uncontrolled conditions in recent two years. But as it only provides the urls of the images, it is difficult to make very fair comparison. The very recent methods have reported close-tohuman performance on it [9] , [34] . ALFW is a dataset with up to 21 facial landmarks were annotated, of which no annotation was present if the point was invisible caused by heavy occlusion or large head pose changes. Some annotations are of big error. ALW is a dataset with side-view face images. Zhu and Ramanan [19] created it for testing their joint method of face detection, pose estimation and facial landmarks detection. HELEN consists of very high resolution face images. The images were hand-annotated using Amazon Mechanical Turk to precisely locate the eyes, nose, mouth, eyebrows, and jawline. Then review and post-processing were carried out by the authors to ensure the facial landmarks annotations are also highly accurate and reliable. Sun et al. [38] created the Sun-CNN dataset. It consists of 5,590 LFW images and 7,876 other images downloaded from the web for training and 1,521 BioID images and 1030 LFPW images for testing. Only 5 salient points, the two eye centres, nose tip and two month corners were annotated, which are relatively easy to detect. 300-W was created for Automatic Facial Landmark Detection in-the-Wild Challenge using a semi-automatic annotation methodology [39] . Landmark locations for four popular data sets, LFPW, AFW, HELEN and XM2VTS, are re-annotated with 68 points mark-up, as illustrated in Fig. 3 . COFW is a newly created dataset by [34] , of which images exhibit very heavy partial occlusion by sunglasses, scarf, hair, hands and other objects. Additional occlusion state (occluded/unoccluded) annotations are provided for each landmark.
Their images have an average occlusion of over 23%, which further introduces the difficulty of the task. The method in [34] is an occlusion centred approach that leverage occlusion information to improve the robustness of shape updates in cascaded pose regression.
In terms of facial landmarks number and face image number, the datasets vary a lot from each other. The landmarks number in the above described databases varies from 5 to 194. How many landmarks are needed in a specific applications remains an open question. Generally speaking, 5 or 10 facial landmarks can only assist very rough face alignment. In order to do subtle analysis for instance facial expression recognition, large number of facial landmarks are often required.
In this work we mainly focus the comparison on the LFPW and HELEN datasets, with the annotation from 300-W, as it provides annotations of large number of common landmarks for several widely used datasets. Since 300-W has not made its test images publicly available, we follow the experimental setting (training/testing partition) of LFPW and HELEN when comparing to other methods. We compare the Regression Forests related methods on LFW dataset and follow the experiment setting of [23] . 
B. Implementation details
We train our model using the training partition of LFPW and HELEN with 68 landmark annotations provided by 300-W.
As mentioned in Section III-B, we augment the training data with 20 training poses for each training sample. For each tree in the forest, we keep the same parameter setting. The depth of the tree is set to 5. At each internal node, in order to select the best split function, we generate 400 candidate split functions that consists of a pair of locations, the corresponding offsets as well as a threshold. In the cascade, at each stage, i.e. for each forest we use 5 weak tree regressors and in total we have trained T = 500 stages of forests.
During testing, we create an initialization set with 500 pose instances, i.e. M = 500. In order to generate intelligent initializations, we set m = 100, i.e. randomly select 100 pose instances from M . We apply the top 
C. Evaluation measurements
In the literature, it is commonly accepted that the individual detection error is measured as the distance between the detected landmark location and the ground truth, normalized as a fraction of the inter-ocular distance [23] , [8] , [34] , [18] (or the face size [19] ). In order to measure the performance on a dataset, there are several measurements were proposed, including overall average landmarks error [34] , landmark-wise average error [17] , [43] , [23] , cumulative distribution function (CDF) of landmark-wise error [8] , [23] , CDF of face-wise error [7] and failure rate [23] , [34] . As most of the current methods have achieved very high accuracy, within an error level of 10 (as a fraction), it is difficult to evaluate the algorithm using the CDF as most of the errors are within small values. We for comparison report the the overall and landmark-wise average error as well as the failure rate of the algorithm. The failure is determined if the average error is larger than 10, as defined in [23] .
V. RESULTS

A. Method evaluation 1) Cascade stages:
It is an open question that how many stages in the cascade should be set for a specific problem. Since the testing time just depends linearly on the number of stages in the cascade, increasing the number of the stages does not influence the testing much. We have tried in our experiments by increasing the number from 100 to 450, with a step size of 50. The performances on the LFPW and HELEN are shown in Fig. 5 and Fig. 6 respectively. Note that the failure proportion here is calculated as when the face wise average error over all 68 landmarks is larger than 10 (as a fraction), that is different from Table IV , where the failure is calculated over the common 49 points. On testing images from both datasets, the mean error and failure proportions decrease gradually while the number of stages increases from 100 to 400. On the HELEN dataset, the failure percentage decreases from around 11.0% to 7.7% and the mean error decreases from 5.2 to 4.75. On the LFPW dataset, The failure percentage decreases from 6.8% to 4.78% and the mean error decreases from 5.5 to 4.78. When the stage number keeps increasing, on the HELEN dataset, the performance decreases while on the LFPW dataset, the performance has slight change. Thus we will set the T = 400 as the optimized stage number in the cascade. The overall performance of landmark-wise mean error using 400 cascade stages regression on the HELEN is shown in Fig. 4 , where the landmark IDs are defined in Fig. 3 . All the landmarks mean errors are smaller than 10, and the error of the landmarks along the face contours (from 1 to 17) are bigger than the internal landmarks.
2) Intelligent initialization:
In this section we evaluate the effectiveness of the proposed intelligent initialization scheme. We compare it to the blind initialization scheme that is used in the traditional CPR method, i.e. to propagate a set of initializations till the final stage of the cascade. To make a fair comparison, instead of selecting the median values, we also apply our proposed method to calculate the final shape pose. The comparison is shown in Table II . As can be seen, using the intelligent initialization just slightly reduces the mean error, but greatly reduces the failures. Note that the failures and average landmark error is calculated over the all 68 landmarks.
3) Image feature: As we have discussed in Section III-C, in the primitive regressor, not only the gray scale gray scale image feature can be used. We also evaluate other high level grid based features like the Gobor feature, image edges, etc. In order to train the model with the compact features, we set the training parameters the same as that is used to train the model with the failures by 1.7% on the LFPW and 1.3% on the HELEN. In terms of alignment accuracy, there is no significant difference by using the compact features. However, due to the Gabor feature computation is very time consuming, the speed (FPS) is 3 times slower. Therefore in order to keep the highly computational efficiency we will just keep the gray scale feature in our experiments.
4) Different face detection:
Most approaches in the face alignment (facial feature detection) assume the face detection (face bounding box) is available. Only a few methods like [19] integrates the face detection and landmarks detection. However, there is no standard definition of the face bounding box. It varies from methods. The most commonly used face detection method is the Viola-Jones face detector [44] . In other face databases, different face bounding boxes are provided like the 300-W.
Since all boosting method starts from an initial shape, the face bounding box affects the initialization shape, in return affects the final shape regression. We compare our method to Xiong and De la Torre's Supervised Descent Method (SDM) [9] , the state-of-the-art method in literature, with different face detection. An example face image from the LFPW is shown in Fig. 7 .
The face bounding box returned from the Viola-Jones detector is Fig. 7a and the face bounding box in 300-W is shown in Fig. 7d . The facial landmarks detected from the SDM and our method with the two different face detections are shown in the second the third column respectively. Fig. 7b shows the landmarks detection based on the Viola-Jones face bounding box while Fig. 7e shows the landmarks detection based on face bounding box in the 300-W. Fig. 7c and Fig. 7f are the landmarks detection results of our method based on the Viola-Jones detector and 300-w face detector. Since SDM is trained on the face images with bounding boxes returned from Viola-Jones detector, the landmarks localization in Fig. 7b is much more accurate than that in Fig. 7e . On the testing images, by using a different face detector, the failure rate of SDM increase 21% while that of our method increases 7%, 1/3 of SDM. This validates our method is more robust to different face detection initialization. [41] and the recent Regression Forests votes sieving (RF-S) in [30] . We note that the RF in these methods is used in a different way from our proposed method. While in their RF framework, local patches are used to cast votes for individual landmarks, in our method, RF is used as a holistic regressor for the update of the whole shape. The comparison is made on the LFW dataset on which the related methods reported results. We follow the experiment setting of [23] for all these methods. The results of the mean error of the 10 facial landmarks and the test run-time performance (It is measured on a standard 3.3GHz four-core machine) is shown in Table III . Our RF-based outperforms the counterparts significantly in both accuracy and efficiency, despite the fact that the other RF methods use the four cores for parallel computation but our method uses only one core. The other RF methods work in a sliding window fashion and cast votes for each individual landmark separately, therefore the computational complexity grows exponentially when the number of landmarks increases. On the contrary, our method treats the shape as whole, thus the number of landmarks will not affect the run-time performance. Our method can also detect 68 landmarks on other datasets at a speed of 35FPS. Model trained on # of points C. ME C. Fails 66P ME C. ME C. Fails 66P ME Mix.Tree [19] Multi Closely related to our work are the CPR-based methods [11] , [12] , [8] , [34] . The current one with the best performance is [34] , that has used additional occlusion annotation for model training. We use the code that is provided by [34] , which also contains a re-implementation of [8] . We use the same training/testing setting as our model on the LFPW and HELEN dataset. The comparison is shown in [39] . Thus for fair comparison, in case a face detector fails, we will manually set a proper bounding box for a face.
C. Comparison to other methods
The comparison on the testing images from LFPW and HELEN is shown in Table IV . By comparing the mean error of the common 49 landmarks (C. ME) and the failures of common landmarks (C. Fails), we can clearly see the superior performance of our method over the Mix.Tree and the DRMF method, except the DRMF method performs best in terms of C. Fails on the HELEN. The failures of our method on the LFPW are just 10% of Mix.Tree and half of DRMF, which is a very significant improvement. Our method has comparable performance to the SDM [9] . The SDM has fewer failures while our method performs slightly better in terms of mean error on both databases. We also note the models used by these three existing methods were all trained on a large number of highly reliable face images from the Muli-PIE face database while the model of our method was trained on only a few thousands of face images. It shows superior or comparable performance when compared to the existing state of the art methods. One example image from each dataset is shown in Fig. 8 . As can be seem, the Mix.Tree and DRMF both have difficulty to deal with the subtle variations caused by the facial expression (in the second row) and abnormal appearance (the eyes in the first row). On the contrary, SDM and our method localize the eye corners and mouth corners very accurately despite facial expression and occlusion is presented. Our method also localizes the even more difficult landmarks along the face contour very accurately.
VI. CONCLUSION
In this work we propose a Regression Forests based Cascaded Pose Regression method for face alignment. We show the efficiency of using regression forests as the primitive regressor in the CPR framework. We propose an intelligent initialization scheme that is able to select a few reliable pose estimations in a few stages in the cascade and aggregate them to the remaining cascade to calculate the final pose. By using the proposed method, we have achieved performance superior or close to the state of the art. Furthermore, we have shown that through using different features, there is a slight improvement of performance at a cost of feature computation. Also, as the boosting method is sensitive to the face detection, our method to some degree is capable of decreasing the risk by using the intelligent initialization scheme. The initialization of CPR is an interesting problem needs to be further investigated in our future work.
